Abstract: This paper analyzes two indexes in order to capture the volatility inherent in El Niños Southern Oscillations (ENSO), develops the relationship between the strength of ENSO and greenhouse gas emissions, which increase as the economy grows, with carbon dioxide being the major greenhouse gas, and examines how these gases affect the frequency and strength of El Niño on the global economy. The empirical results show that both the ARMA(1,1)-GARCH(1,1) and ARMA(3,2)-GJR(1,1) models are suitable for modelling ENSO volatility accurately, and that 1998 is a turning point, which indicates that the ENSO strength has increased since 1998. Moreover, the increasing ENSO strength is due to the increase in greenhouse gas emissions. The ENSO strengths for Sea Surface Temperature (SST) are predicted for the year 2030 to increase from 29.62% to 81.5% if global CO 2 emissions increase by 40% to 110%, respectively. This indicates that we will be faced with even stronger El Nino or La Nina effects in the future if global greenhouse gas emissions continue to increase unabated.
How Volatile is ENSO for Global Greenhouse Gas Emissions
And the Global Economy?
Introduction.
The El Niños Southern Oscillations (ENSO) is a periodical phenomenon of climatic inter-annual variability which has been found to be associated with regional variations in climate throughout the world, and has important implications for global greenhouse gas emissions. ENSO includes three phases, El Niños, La Niña, and Neutral, which could be defined through either the Southern Oscillation Index (SOI) or the Sea Surface Temperature (SST) Index. These ENSO phases have been found to have significant impacts on global/local agriculture, water, and fishery sectors during alternative ENSO phases, strength, and frequency. For instance, the relationship between ENSO and precipitation, stream flow, floods and droughts has been investigated and analyzed (McBride and Nicholls, 1983; Ropelewski and Halpert, 1989; Dracup and Kahya, 1994; Moss et al., 1994; Piechota and Dracup, 1996) in recent years, reflecting the importance of this topical issue.
There is an extensive literature devoted to estimating the economic impacts of ENSO on the agricultural and water sectors, such as Handler (1983) , Adams et al. (1995) , Adams et al. (1999) , Solow et al. (1998) , Chen and McCarl (2000) , Chen et al. (2001) , Chen, McCarl and Hill (2002) , Dilley (1997) , Naylor et al. (2001) , and Brunner (2002) . These studies examine not only the importance of ENSO information on the agricultural economy, but are also linked to fluctuations in ENSO and the macro economy (Debelle and Stevens, 1995; Brian et. al., 2008) .
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During the past decade, some attention has been transferred to issues of food safety and public health. Some notable examples, including Davis (2001) , have been devoted to the relationship between ENSO events and famine, while Kovats et al. (2003) investigated the variation in cholera risk in Bangladesh, and malaria epidemics in South Asia and South America. Other investigations suggest that hurricane losses are much greater during a La Niña year in the USA (Pielke and Landsea, 1999) , while Chen et al. (2005) used ENSO frequency data to investigate Edwards Aquifer water and agricultural management on the phases of ENSO.
The above examples suggest that the damage of ENSO events could be mitigated if ENSO information could be forecast accurately. This implies that ENSO information, including the strength and frequency of ENSO phases, needs to be measures and collated accurately. However, ENSO strength and frequency have shifted (Timmermann et al., 1999) , and greenhouse gas emissions may be one such cause. In other words, ENSO volatility varies over time.
The first purpose of this paper is to investigate ENSO volatility using generalized autoregressive conditional heteroskedasticity (GARCH) time series models. Such empirical findings will provide important information regarding ENSO volatility. The second purpose of the paper is to link the relationship between ENSO strength and greenhouse gas emissions, and to predict the future ENSO strength based on alternative climate change scenarios from IPCC (2007). Such empirical findings will provide critical information regarding the impact of the possibly stronger El Nino and La Nina occurrences in the near future on greenhouse gas emissions.
The remainder of the paper is organized as follows. Section 2 presents the empirical models, while Section 3 discusses the data and descriptive statistics.
Section 4 analyzes the empirical results. The linkages between the ENSO strength 4 and greenhouse gas emissions are estimated in Section 5. Some concluding remarks are given in the final section.
The Models.
Modeling ENSO phases using ARMA and/or ARCH models has been considered by Chu and Katz (1985) , Trenberth and Hoar (1996) , and Ahn and Kim (2005) . Chu and Katz (1985) found that monthly SOI can be modelled adequately by AR(3) processes, while Trenberth and Hoar (1996) found that an ARMA(3,1) model can be fitted for SST by using maximum likelihood and Akaike's Information Criterion (AIC). Ahn and Kim (2005) found that ARCH is a more suitable model for the SOI series. Each of these studies paid attention to either the SOI or SST index, but not both, which may misrepresent ENSO characteristics as both of these indexes can be used to define ENSO phases. On the other hand, although empirical research has used time series models, including ARMA, ARCH, and GARCH, to analyze the ENSO index, the model adequacy of ENSO volatility has not yet been examined.
In order to answer these two questions, the generalized autoregressive conditional heteroskedasticity (GARCH) model will be applied to the SOI and SST indexes. Perron's (1998, 2003) approach will be adopted in order to capture the structural break point of the ENSO series, which could identify alternative time periods for purposes of estimating ENSO volatility.
Conditional Mean and Conditional Volatility Models.
Based on the pioneering work of Engle (1982) in capturing time-varying volatility, the autoregressive conditional heteroskedasticity (ARCH) model, and subsequent developments forming the generalized ARCH (GARCH) model of Bollerslev (1986) , has been used to capture volatility. The GARCH model is most wildly used for 5 symmetric shocks, but when asymmetric shocks exist, the GJR model of Glosten et al. (1992) , or the EGARCH model of Nelson (1991) , are also popular. Some further theoretical developments have been suggested by Wong and Li (1997) , and Ling and McAleer (2002a , 2002b , 2003a , 2003b and McAleer (2005) . The volatility models to be used in this section have been discussed by, among others, McAleer et al. (2007) and Divino and McAleer (2009) .
In this paper, we consider the stationary AR (1) given by:
and   0, 0 As the GARCH process in equation (2) is a function of the unconditional shocks, the moments of t  need to be investigated. Based on the studies of Ling and Li (1997) and McAleer (2002a, 2002b ) (see also Bollerslev (1986) and Nelson (1990) 
The effects of a positive shock on the conditional variance, t h , is assumed to be the same as a negative shock of a similar magnitude in the symmetric GARCH model. In order to accommodate asymmetric behavior, Glosten et al. (1992) proposed the GJR model, for which GJR(1,1) is defined as follows:
, 
and the condition for the existence of the fourth moment under normality of t  is 22 3 2 3 3 1, 2
while McAleer et al. (2007) showed that the weaker log-moment condition for GJR(1,1) was given by
which involves the expectation of a function of a random variable and unknown
parameters.
An alternative model to capture asymmetric behavior in the conditional variance is the Exponential GARCH (EGARCH(1,1)) model of Nelson (1991), namely:
where the parameters  , 
Modelling Structural Breaks.
The strength, duration, and frequency of ENSO phases have increased during the last two decades (Trenberth and Hoar, 1996; Hall et al., 2001) , which suggests that there may have been structural breaks in ENSO. Much research related to structural breakpoints has been undertaken by Quandt (1958) , Chow (1960 ) Andrews (1993 , and Hansen (2001), which need a priori break points before implementation.
However, the approach by Perron (1998, 2003) (hereafter BP) does not need the a priori assumption of break points.
The BP method provides a comprehensive treatment based on the following steps. First, consider the supF( i | 0 ) type tests (that is, a series of Wald tests) of a non-structural break (i=0) against i=k breaks. This test requires a pre-specification of a number of breaks for inference, and then to use the double maximum test (UD max and WD max ) of the null hypothesis of no structural break against an unknown number of breaks. These tests are used to determine if there is at least one structural break, while the structural break is determined endogenously. In this paper, the maximum number of breaks (i) is chosen to be 5, which is based on the Liu, Wu and Zidek (LWZ) criterion.
Following the estimation approach of Perron (1998, 2003) , if these tests
show evidence of at least one structural break, then the number of breaks can be determined by using the supF( i+1| i) test, which performs parameter constancy tests 9 for every subsample obtained by cutting off at the estimated breaks, and then by adding a break to a sub-sample associated with a rejection. This process is repeated by increasing i sequentially until the test fails to reject the null hypothesis of no additional structural breaks.
Data and Descriptive Statistics.
The most common indexes to describe ENSO phases are referred to as the Southern for the region 5°N-5°S, 120°-170°W). If the period during 5-month rolling means of the monthly SST anomalies in the above-mentioned area are C 0 5  or more for at least six consecutive months, this is called a Niño year (Trenberth, 1997) . Figure 1 plots the time series data set for SOI and SST. These two graphs indicate periods of high volatility followed by others of relatively low volatility, which implies that using homoskedastic residuals to model volatility behaviour is inappropriate. Furthermore, we also find that volatility in the most recent periods is higher than in the earlier periods, as shown in the left graph of Figure 1 , which implies that ENSO volatility has been increasing. Before establishing the volatility model for the SOI and SSI series, unit roots tests have to be implemented to ensure the data of the SOI and SSI series are stationary.
The most common unit root tests are those of Fuller (1979, 1981) , who developed tests of the null hypothesis of a unit root against the alternative of stationarity. In this paper, the augmented Dickey-Fuller (ADF) unit root test is calculated for the SOI and SST series. The results of the unit root tests are reported in Table 2 , which indicate that both SOI and SST are stationary at the 1% significance level, so that the conditional volatility models can be used to capture time-varying volatility in the underlying data series.
Empirical Results.

AR(p) and ARMA(p,q) Processes.
In order to investigate ENSO volatility, a suitable time series model needs to be determined that satisfies appropriate regularity conditions. The first task is to determine the processes for the mean equation. From Tables 3, the ARMA(1,1) process for the SOI series has the smallest Schwarz Bayesian Information Criterion (BIC), while ARMA(3,2) has the smallest BIC for the SST series. The p-values of the Ljung-Box Q statistics of the residuals from the fitted models indicate that there is no autocorrelation at the 5% level. The estimated ARMA(1,1) and ARMA(3,2) models are seen to be appropriate models for the SOI and SST series, respectively.
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The specifications of the mean and variance equations for SOI and SST are given as follows:
( 
Alternative Volatility Models for SOI and SST.
The empirical estimates for alternative volatility models for the SOI and SST series are shown in Tables All the  estimates from the EGARCH(1,1) model for SOI and SST are less than one in absolute value, which indicates that the estimates are likely to be consistent and asymptotically normal. As EGARCH(1,1) is a model of the logarithm of the conditional variance, there is no parametric restriction for conditional volatility to be positive. The size effects for the SOI and SST series have positive impacts on the conditional variance. These estimation results indicate that the sign effects have larger impacts than the size effects on the conditional variance. Furthermore, the appropriate model for the SOI series could be chosen by the BIC criterion and the regularity conditions. The GARCH (1,1) model for the SOI and SST series is the optimal model as it has the smallest BIC value.
Structural Change.
In order to examine whether structural change exists for the SOI series, the BP approach is implemented, and the estimates are shown in Table 6 . The Table shows that the values of UD max and WD max are greater than the 5% critical value, which indicates the probable existence of structural breaks. As the values of F(1|0), F(2|0), F(3|0), F(4|0), F(5|0) exceed the critical value at the 5% significance level, while the sequential supF(i+1|i) exhibits significance only for i=1, this suggests there is only one break in the SOI series, which occurs at 1998(4).
The empirical results show there is a structural break for the SOI series in 1998. The strongest SST index in 1997-98 could be the result of global greenhouse gases emissions. For instance, Timmermann et al. (1999) have shown that global warming may cause the strength and frequency of ENSO events to change. In other words, the continuous growth of greenhouse gas emissions shifts the probability of strong El Nino and La Nina events. Such a relationship between ENSO strength and global greenhouse gas emissions will be examined later.
This sub-section investigates and compares the ENSO volatility before and after the structural breakpoint. From the estimates of structural change, the breakpoint is located at April 1998, which will be treated as a boundary to split the sample into two periods for the SOI and SST series. In other words, the first period is from January 1950 to April 1998, while the second period is from May 1998 to July 2007. We have estimated the ARMA(1,1)-GARCH(1,1) model for SOI and the ARMA(3,2)-
The empirical results of volatility for SOI and SST are presented in Table 7 May 1998. The estimates show that ENSO volatility has increased since 1998, which implies that the ENSO strength and frequency have increased recently. In other words, the ENSO strength using SOI and SST during the period 1998 to 2007 has increased by 47% and 75%, respectively, which is consistent with the findings in Timmermann et al. (1999) .
The Strength of ENSO and Greenhouse Gas Emissions.
Greenhouse gas emissions increase as the economy grows, with carbon dioxide being the major greenhouse gas. Increasing carbon dioxide will lead to increasing The estimates from the Tobit regression are presented in Table 8 . The estimated coefficient shows the expected signs that carbon dioxide emissions have a positive effect on the value of SST anomalies in the Nino 3.4 region. Thus, as carbon dioxide emissions increase, the value of SST anomalies in the Nino 3.4 region will be higher, which explains why the strength of El Ni o or La Ni a will increase as more greenhouse gases are emitted.
In order to forecast the strength of ENSO using future climate change, the estimates from Table 8 as the existence of moments permits verification of theoretical models to match stylized facts, such as fat tails and the temporal persistence observed in financial data (Carrasco and Chen, 2002) , as well as economic and environmental data, including greenhouse gas emissions and carbon pollution data.
Although there have been many contributions to the ARCH/GARCH literature, it seems that until recently very little attention has been paid to appropriate model selection. Therefore, we conclude that nonlinear models are suitable for modelling the SOI and SST indexes after checking the regularity conditions.
In the second task, we tested for structural breaks in SOI and SST by using the Perron (1998, 2003) Table 4 .
ARMA(1,1) and GARCH, GJR and EGARCH Models for SOI.
Variable ( Note: Carbon dioxide emissions are measured in millions of tons.
